Abstract-In this paper, we present a segmentation technique which joins a multi-scale texture based approach and a fuzzy segmentation method using the color gradient of Di Zenzo. Thus maps of homogeneous texture patterns are enhanced by edge localization. A topographic distance is used to calculate membership degrees to each region. Both lead to segmentation using a step of watershed flooding, with few parameters to set. Moreover computation complexity has been reduced to allow treatments of images in full size and colors.
I. INTRODUCTION
A recurrent problem in image segmentation is variability and complexity, especially in natural or art scenes, which make the segmentation process very difficult to optimize [1] - [3] . However, this could be bypassed with the cooperation of different methods.
We present in this paper some new features in order to develop a multi-scale approach keeping contours and texture information for fuzzy segmentation of color images [4] . This could be very useful in order to treat art painting from medieval buildings. This kind of images has a specific noise due to time alteration. Moreover, we aim at finding objects in images with 10 millions pixels and thousands of color. In this sense, we combine a wellknown texture based technique (JSEG) with fuzzy information obtained with Di Zenzo's color gradient norm [5] .
II. WATERSHED SEGMENTATION PRINCIPLE
In the field of mathematical morphology, watershed transforms are often used in order to detect objects of interest in images [6] . The watershed transformation was originally proposed in late of 70's as a tool for segmenting gray-scale images [7] . Nowadays it is used as an elemental step in many powerful color segmentation procedures [8] concepts of Mathematical Morphology. The watershed transform can be classified as a region-based segmentation approach. The intuitive idea underlying this method comes from geography. Since any gray-scale image can be considered as topographic surface: we regard the intensity of a pixel as altitude of the point. Let us imagine the surface of this relief being immersed in still water, with holes created in local minima. Water fills up the dark areas "the basins" starting at these local minima. Where waters coming from different basins meet we will build dams. When the water level has reached the highest peak in the landscape, the process is stopped. As a result, the landscape is partitioned into regions or basins separated by dams, called watershed lines or simply watersheds, as we can see on Fig. 1 . Many different watershed algorithms have been proposed until today [9] . This process produces an important over-segmentation, as we can see on Fig. 2 , usually resolved by the use of a markers image. However, this process involves another costly step in image treatments. 
III. OUR METHODOLOGY
A multi-scale approach combined with region merging during the watershed flooding transform permits to avoid the step of markers definition. First of all we compute an energy image by calculating the mean of each color class in the image. This criterion called J, is introduced by Deng [10] . It detects homogeneous regions in an image, using a texture discontinuity based approach. This measure can be calculated for each pixel in the entire image. In the original Deng's version, the color information is only used in a pre-processing quantization step; all colors are considered as classes. Thus, the segmentation process is dependent on the quantization but is not connected to it. The J computation uses the fact that a color texture is uniform on the area of study if the gravity centers of the colors are confounded and if their dispersions are the same. Therefore, the J values are computed using the center positions of classes and their spatial layouts. More precisely, if there are n colors {C1, . . . , Cn} in the studied area A. Let G be the mean location of the area and Gi the color i. Let D t be the dispersion of the global area: D t =  pA d(p, G) where d is the used distance (L1,L2. . . ). Let D ri be the relative dispersion of the color i:
(1) Fig. 3 shows some examples of J values on a small neighborhood. It demonstrates the increase of J while the texture break becomes more important. From left to right, the centers of the colors are more and more distant from the mean location of the neighborhood; therefore J becomes higher. We have modified this criterion to keep all the color information in Dombre and al. [11] . Consequently a Jimage is provided. Computing the criterion at different scales we obtain a grey scale image representing the more important texture breaks, or the finest ones (cf. Fig. 4 ). This property is used to build a multi-scale algorithm. The generation of the regions is based on a simple watershed technic applied on the various J maps. We start with a large window and we decrease its size to refine the segmentations. The previous segmentation levels are used to increase the precision of the watershed process. Hence, this approach allows us to obtain coherent segmentations and a multi-scale representation. Fig. 5 shows some segmentation examples. A merging criterion based on color and/or texture is used in order to decrease the number of similar adjacent regions. Moreover, we have solved the problem of spatial arrangement and objects inclusion with a pyramidal graph structure [12] , as we can see in Fig. 6 . This new representation system, based on a graph, mixes the region and border based approaches. Regions provide a description of the different objects (or part of objects) while borders describe the interactions between the objects.
The weakness of such a processing is the lack of accuracy close to boundaries. So we propose to complete the J calculation by the use of Di Zenzo's color gradient norm [5] . Here are the three ways we propose to achieve this task: thresholding, meaning, and weighting. The first one can be applied keeping either gradient information over a selected threshold, either low J-values. We can get homogeneous regions as well as good edge localization for line detection. With the other combinations noise involved by gradient can be considerably reduced. The third method is realized with multiplication of grey scale gradient norm image by normalised J-map. Then this optimized J-image (Fig. 7) is used for the region-growing step. As a result we obtain a map that is more efficient for the watershed part of our algorithm, keeping good precision of gradient close to boundaries as well as texture discontinuities over the regions. 
IV. RESULTS
Finally, in the proposed method, the watershed transform is applied using every local minima of the weighted map as a seed from where we can start the iterative flooding of the map. Our watershed is based on Vincent algorithm [13] . During this step, some regions could be merged like in Andrade method to avoid the use of markers [14] . When two lakes meet, if one of them has a depth or a size lower than fixed thresholds, merging is proceeded. Nevertheless, we suggest taking into account the distance between depths rather than using a simple threshold, which is furthermore very difficult to set for a large variety of images. Moreover, fuzzy information is computed during the weighted J-image immersion, using Vieira formulation of membership degrees [15] . Minima are the core of the fuzzy region and have therefore maximal value of membership to this region. Then degrees are provided by (2) , minimizing the cost C on a path. This computation is based on a criterion that includes spatial nearness and our weighted J-image magnitude. Spatial measure is a topographic distance representing the shortest 3D path:
where J is our weighted map, p i a pixel of the path, D an Euclidean distance. Our multi-scale approach permits to obtain different levels of precision. Depending on the map used, the process provides different segmentations. Thus, we construct a hierarchical pyramidal graph. This gives knowledge about composition of segmented objects at high scales, as we can see on 
V. CONCLUSION
This paper features a new method for extending the JSEG algorithm, reducing the computation cost and aiming at solving the issue of natural noise in texture patterns. The segmentation process is based on a multiscale region growing from maps that takes into account both J criteria and color gradient information. A small number of parameters is needed by our algorithm, and are less sensitive to small variations than in the original approaches.
A recursive reformulation of the J-image algorithm allows to treat large size images. With this improvement, there is no need of a perceptual quantification. In the original approaches, we had to reduce the color number about to ten, losing colorimetric information. Moreover, a sub-sampling/smoothing process is used whenever the scale is improved. With our method we can work with the entire colour panel, and keep color information at each scale and for all the pixels. So images with millions of pixels and colours can be segmented in a few seconds.
Texture pattern discontinuity is improved by contour detection, and this combination decreases the number of scales to compute. Moreover holes in boundaries can be eliminated and we attenuate noise induced by the gradient norm, particularly when a pixel is far away from boundaries. We reduce over-segmentation and watershed computation time because of higher contrast in our energy cards.
Computation time for a 512x512 images coded in RGB is about 3s for a mask 17x17 on a Pentium-M 1,8 Ghz and about 45s at scale 64.
Future work will try to increase multi-scale properties between different scales to enhance accuracy and to define automatically the parameters needed. We want also to include perceptual color distance in the computation of the J criterion and to use fuzzy information for image indexing and pattern recognition in complex image databases that can be useful in many applications.
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